proposed by (Shull. 1909) . This method includes the development of inbreds by self-pollination 4 3 followed by evaluation of selected inbreds for single-cross hybrid performance when crossed to 4 4 other inbreds. A major challenge with this method is achieving adequate testing of the inbreds to 4 5 evaluate performance in single cross combinations (Hallauer et al. 1988) . In maize, heterotic 4 6 groups are well defined, and production of single crosses are almost exclusively made between 41 8 1 nucleotide polymorphisms (SNPs) were scored from the raw sequence data using the TASSEL as missing data. Missing data was imputed using naïve imputation. Of the markers remaining 1 8 5 after filtration, markers that were polymorphic among both SSS and NSS progenies were We used genomic best linear unbiased prediction (G-BLUP) of untested hybrid performance.
1 7
The G-BLUP model was as below:
where ‫ݕ‬ is the phenotypic observation of a single-cross hybrid between the i th and j th inbred 2 2 0 progeny evaluated in the k th environment in the l th complete block and q th incomplete block. The with the k th environment. The remaining terms are as described in the model (1).
5
The random effect vectors We evaluated four methods to predict single cross performance using the above G-BLUP model.
3 3
Broadly, these methods can be grouped into two categories: 1. Parent GCA and SCA effects; 2. Additive and dominance covariances among single crosses. parents, i and j estimated from model (2) as
GCA of female and male lines with no performance data of their hybrids were estimated from 2 4 0 related inbred progenies using the additive genomic relationship matrix in the linear mixed 2 4 1 model analysis. SCA of the crosses as
Like the GCA effects, the SCA effects for untested crosses were estimated using the dominance 2 4 7 genomic relationship matrix in the linear mixed model analysis from model (2). tested and untested single crosses as
Where,
is the genetic covariance matrix of untested and tested single crosses,
is the The method described in 2a was extended by including dominance covariance among the Accuracy of single-cross hybrid prediction was evaluated using leave-one-individual-out and
leave-one-family-out cross-validations. In case of leave-one-individual-out cross-validation, the 2 7 1 set of hybrids was divided into two subsets. The training set comprised n-1 hybrids (tested 2 7 2 hybrids) and the remaining one hybrid (untested hybrid) formed the test set. This procedure was repeated n times such that each hybrid was placed into the "untested" set. Four scenarios the entire population as well as within single cross families for all the three traits ( Table 2 ). For
GY, the entry-mean heritability was 0.58 across the population of entire single crosses and it followed by PH and SG (Table 3) . We first evaluated the prediction accuracy for T2, T1F, T1M and T0 scenarios in the entire 3 1 0 population using leave-one-individual-out cross-validation. Higher prediction accuracies were
observed for SG and PH compared to GY for all scenarios ( Figure 3 ). Prediction accuracies were 3 1 2 highest for T2, followed by T1F, T1M and T0. The four methods were similar in accuracy when
applied to the T2 and T1F cross-validation scenarios. However, methods 1a and 1b were mostly better than methods 2a and 2b for predicting single-cross hybrid performance in the T1M and T0 scenarios. Modelling SCA led to small increases in prediction accuracy for GY and PH with a and tested; the remaining 99 crosses were never made. Moreover, more than 50 untested single-
cross combinations surpassed the highest genomic prediction of any tested hybrid ( Figure 5 ). the basis of topcross performance with single elite tester, which is the sum of the candidate line
GCA effect and any SCA effect between the candidate line and elite tester used for topcrossing.
While this is a very convenient and routine method, it is recognized that it would be ideal to test only on the basis of topcross evaluation, there remains the possibility that some unique parental
combinations never made and evaluated could actually be commercially superior products and immediately going to single cross evaluation. Despite these advantages, field testing of all 3 6 0 potential single crosses of inbred progenies is completely impractical for a mature hybrid maize prediction models can predict the performance of all possible single cross combinations,
allowing the in-silico evaluation of all parental combinations just as in the ideal scenario. In the 3 6 6 present study, GBS and yield trial data was used to build genomic prediction models for predicting single cross performance. The single cross prediction accuracies estimated using combinations. Prediction accuracy for T2, T1 and T0 hybrids In order to understand the effect of tested versus untested parental lines, we evaluated the
accuracies of prediction of hybrids having both (T2), either male or female (T1F and T1M), or accuracies of T2, T1 and T0 hybrids were considerable, with the highest prediction accuracy for 3 8 0 T2 hybrids followed by T1 hybrids and T0 hybrids. The T0 scenario was the most difficult to parents among a differing number of hybrid combinations in the training set. As the number of being predicted and the training set increases. As a result, the GCA and SCA effects are number of training set hybrids parent involved ( Figure 6 ). In the T2 scenario, both parents are
represented in multiple hybrid combinations within the training set, enabling accurate estimation and SCA effects, but prediction accuracies suffer considerably more if both parents are untested.
0 2
This issue should be studied using larger population sizes -both in terms of more inter- hybrid data), there are two noteworthy differences between the methods in using this on availability and precise use of information from related tested genotypes and the accuracy of information (or records) on these tested genotypes. The prior part depends on the covariance
which is a function of relationship between the tested and untested genotype and genetic covariance are expected to be more closely related than two individuals having lower covariance.
2 9
However, when two separate populations are under consideration, two individuals with higher covariance. Methods 2a and 2b, however, invariably assumes that hybrids having higher 4 3 7
covariance are more related than hybrids with lower covariance.
Consider an example of BLUP for T1M hybrids and assume that GCA variance of female is 4 3 9
greater than males and compare the two groups of methods in terms of using information from hybrids depends on covariance between tested and untested hybrid. The hybrid covariance is would be more accurate than single observation of tested hybrids as prior is the average of more 4 5 8 than one observations. Similarly, the differences in the prediction accuracy of two groups of 4 5 9 methods for T0 hybrids can be explained. The similar accuracies of both group of methods for 4 6 0 T2 hybrids could also be explained based on above considerations. In predicting the T2 hybrids, parents of given T2 hybrid) becomes available for predicting T2 hybrid which leads to accurate 4 6 6 determination of the performance of given T2 hybrid by method 2a and 2b as well.
6 7
To test this hypothesis for differences in prediction accuracy of two groups of methods, and 40 males. The methods 2a and 2b were modified to correct the discrepancies in weighting of
relationship between females and males by using average of GCA variance of females and (Table 4 ). The accuracies were comparable to method 1a and 1b. This confirmed our hypothesis
for different prediction accuracy of two groups of methods. For T2 and T1F hybrids, however, have reported different estimates of GCA variance between two parental populations of hybrids.
consider two prediction scenarios, one from these previous studies and one in our study. happen to be between groups compared to within groups. In our case, larger genetic variation
was within families because there were many inbred progenies from each bi-parental family and there was one grandparent common between the families. Therefore, hybrid prediction accuracy
was mostly resulted from genetic relationship and less from differences in mean performances
between groups. However, the closer genetic relationship between training and validation set 5 0 9 generated due to the common grandparent made challenging to distinguish the hybrid The benefit of modeling SCA
We observed an increase in prediction accuracy for GY by modeling and estimating SCA effects and subsequently summing GCA and SCA effects. The increase in accuracy by modeling SCA was highest for T0 hybrids followed by T1 and T2 hybrids. This result suggests that modeling depend on the magnitude of the SCA bias of the predicted GCA effect. We do not have the
ability to estimate this bias, but in our study the ratio of SCA vs. GCA variance was small for all 5 2 5 traits (Table 3) . When a parent has no performance data in hybrid combination, its GCA is
predicted based on all tested relatives, resulting in a predicted GCA effect less biased by SCA. 1
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